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Abstract 
Speckle poses serious problems in the interpretation of ultrasound images. It reduces 
contrast and resolution, making it difficult to identify the presence of abnormalities in B 
mode images. Using a recently proposed compound probability density function (pdf) for 
the statistics of the backscattered ultrasonic signals, an adaptive filter is implemented and 
tested on B mode images of a tissue mimicking phantom. Results suggest that the 
adaptive filter based on a maximum likelihood approach improves the ability to classify 
targets in images while retaining the details in the original unprocessed image. 
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Introduction 
 
Speckle in ultrasound B mode imaging poses challenges to the understanding and 
interpretation of the details in the image (Forsberg et al. 1991; Dutt and Greenleaf 1991; 
Crawford et al. 1992; Prager et al. 2003; Thijssen 2003). It affects both resolution and 
contrast in the images, making it necessary to look for methods to mitigate the deleterious 
effects of speckle. It must also be borne in mind that speckle contains information on soft 
tissue. Therefore its complete removal, often referred to as denoising, may obscure the 
very details that are essential to the interpretation of images (Crawford et al. 1992). 
Speckle mitigation efforts in the past have included various compounding techniques as 
well as digital signal processing based approaches such as those using local statistics, 
wavelet transforms, and a combination of those (Achim et al. 2001; Chen et al. 1996; 
Cincotti et al. 2001; Gupta et al. 2005; Hao et al. 1999; Huang et al. 2003; Dutt and 
Greenleaf 1991; Ghofrani et al. 2001; Stippel et al. 2005). Some of these used statistical 
information on the speckle to make filters robust and adaptive while others were purely 
ad hoc. One of the issues with these efforts was the difficulty in having an adequate 
model to describe the statistics of the screen image (pixel statistics). Some of the 
measures, such as signal-to-noise ratio and edge improvement factor, used for the 
quantification of the improvement brought on by these methods, were inadequate to 
quantify an important aspect of image interpretation, the ability to discriminate among 
different regions of interest (ROI) in the image (Sattar at el. 1997; Achim et al. 2001; 
Achim and Kuruoglu 2005) . 
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The effort in this work is to develop a speckle filtering technique that will retain aspects 
of the image that are deemed essential in a clinical setting, namely, the ability to 
discriminate normal regions in the image from abnormal regions and further separate the 
abnormal region into benign and malignant (Crawford et al. 1992; Zonderland et al. 
1999). It is possible to design an adaptive filter to reduce speckle and enhance the ability 
to discriminate among regions of interest containing both hypo-echoic and hyper-echoic 
regions in the image. A filter having such properties is explored in this work. It uses a 
recently developed statistical model, the compound probability density function (pdf), to 
design an adaptive filter based on maximum likelihood approach that will modify speckle 
using its local properties (Shankar 2004; Shankar et al. 2005). Analytical results and 
results on tissue a mimicking phantom are described. 
 
Background 
 
Speckle in ultrasound arises from the interference of signals scattered, reflected, refracted 
or diffracted by the scatterers which constitute the microscopic structure of the tissue 
(Crawford et al. 1993; Dutt and Greenleaf 1996; Shankar 2004). This undesirable artifact 
is common to all forms of coherent imaging systems in optics, radar, and ultrasound 
(Anastassopoulos et al. 1999; Oliver 1993, 2000). It obscures the details in the images 
making it difficult and often impossible to clearly identify the presence of abnormalities 
in organs such as the liver, kidney or breast that are being imaged. Speckle might also 
cause the radiologist to miss extremely small regions of interest with unique features. 
Efforts in the past to reduce the effects of speckle have included various compounding 
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techniques. These involved generating multiple (diverse) versions of the same target 
region through the use of multiple frequency bands or multiple spatial locations of the 
transducers, followed by signal processing methods to combine these images (Cincotti et 
al. 2001; Forsberg et al. 1991). Methods also are available based on digital signal 
processing approaches which rely on median filtering, local statistics, wavelet transforms, 
etc., to filter out the speckle (Kofidis et al. 1996; Lee 1908; Park et al. 1999). While most 
of the compounding algorithms operate in the RF domain, the DSP based approaches 
operate directly on the log compressed images displayed on the commercial B mode 
imaging systems. Some of these methods relied on the statistics of the envelope to obtain 
approximate statistics of the pixel data and used that information to design a filter (Dutt 
and Greenleaf 1991; Ghofrani et al. 2001; Huang et al. 2003). 
 
The effort in this work is to design a filter that uses the properties of speckle that are 
based on the physics of scattering in tissue. The starting point of this exploration will be 
the compound pdf which was shown to be capable of modeling the envelope of the 
backscattered ultrasonic signals from the tissue, both in A and B scans (Shankar 2004; 
Shankar et al. 2005). The probability density function of the envelope A is expressed as 
 ( ) ( ) ( ) ( )
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where M and m are the shape parameters and b is a scaling factor. In eqn. (1), Γ(.) is the 
gamma function and KM-m(.) is the modified Bessel function of order (M-m). The model 
in eqn. (1) arose out of the assumption that in a general case, there are local and global 
variations in scattering characteristics in tissue and M and m can represent these 
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variations that may be due to change in the number densities, scattering cross sections or 
both. When M approaches infinity, the pdf in eqn. (1) becomes the Nakagami pdf and 
furthermore, when m=1 and M is infinite, the pdf becomes Rayleigh representing 
scattering conditions that give rise to what is termed as fully developed speckle. When 
m=1 (or M=1), eqn. (1) represents the K distribution. The parameters M, m, and b can be 
estimated from the moments of the envelope given by 
 ( ) ( )
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where <.> is the expectation (Shankar 2004; Gradshteyn and Ryzhik 1994). The speckle 
in ultrasonic images was characterized in terms of the Speckle Factor (SF) given as 
 1 1 1 0SF
m M mM
= + + ≥ . (3) 
SF becomes unity for Rayleigh scattering conditions and values of SF less than 1 
correspond to Rician speckle. As the value of SF increases, the speckle (noise) in the 
image increases. The speckle parameter was shown to be excellent in discriminating 
regions of interest (ROI) in A scans, B mode images of tissue mimicking phantoms and 
breast scan images of patients (Shankar et al. 2005).  
 
It is possible to consider SF as a suitable candidate to represent the local statistics of the 
ROI in a speckled image. The majority of the despeckling algorithms rely on the local 
statistics to design an appropriate filter to improve the images and SF fits this criterion of 
the local statistics (Lee 1980; Dutt and Greenleaf 1991; Chen et al. 1996; Achim et al. 
2001). As mentioned earlier, researchers generally have used log compressed images to 
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perform despeckling with an inadequate model for the speckle. Since the statistics of the 
speckle as described in eqn. (1) are well defined in the envelope domain, it is possible to 
perform despeckling in the envelope domain using SF as a marker of the local statistics. 
Most of the commercial ultrasonic imaging systems either provide the RF output or have 
a means to collect the RF output before post processing and show the log compressed 
output for display. Access to the RF output will allow the exploration of the envelope 
statistics. 
 
The difficulty with exploring SF in eqn. (3) as a means to determine the local statistics is 
that the solutions of the transcendental equations necessary to solve for M and m would 
require at least 750-1000 samples of data (Shankar 2004). This is a large sample size for 
the estimation of the local statistics for despeckling because such a sample size would 
destroy the details in the image which must be preserved for clinical diagnostics. Also, 
the signal processing approaches generally use sample size of 11x11 or less, making large 
sample sizes less than the norm for speckle reduction. Some of them also allow adapting 
the window size from 9 x 9 to a size of 3 x 3. Use of such low numbers of samples in the 
present context of the speckle factor will lead to highly erroneous estimation of the 
parameters M and m (large bias and high standard deviation). Therefore, alternate means 
of defining SF need to be found so that one does not require large sample sizes while still 
using the pdf of the envelope given in eqn. (1). 
 
The preliminary step in developing an analogue SF defined in eqn. (3) is to use the 
maximum likelihood approach (Papoulis and Pillai 2002). For N independent samples of 
the envelope, the joint pdf of the envelopes is 
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The log likelihood function F is obtained by taking the natural logarithm of eqn. (4). The 
equation forF  now becomes 
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The next step in the maximum likelihood approach is to take the partial derivatives of 
eqn. (5) with respect to M, m and b and set each of them equal to zero. For this work, 
m
∂
∂
F and 
M
∂
∂
F  will be sufficient as the attempt here is not to solve for the parameters.  The 
partial derivatives become 
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where ( )ψ is the digamma function (Gradshteyn and Ryzhik 1994).  
 
Adding eqn. (6a) and eqn. (6b) and making use of the identity (Gradshteyn Ryzhik 1994; 
Iskander et al. 1999) 
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the relationship between M and m can be obtained as 
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Taking the sample mean, the summation on the second term on the right hand side of eqn. 
(7) can be replaced in terms of the mean as 
 
( ) ( ) ( )log log
2 2e e
M m b A
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It is now possible to use eqn. (2) to eliminate the scaling parameter b from eqn. (8) by 
taking the average and expressing it as 
 ( ) ( )
1 1
22 2
M m
A
M m b
⎛ ⎞ ⎛ ⎞Γ + Γ +⎜ ⎟ ⎜ ⎟ ⎛ ⎞⎝ ⎠ ⎝ ⎠= ⎜ ⎟Γ Γ ⎝ ⎠ . (9) 
Using eqn. (9), eqn. (8) becomes 
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The left hand side of eqn. (10) is dependent only on M and m, an interesting aspect 
similar to the speckle factor defined in eqn. (3). Thus, it is possible to define a modified 
speckle factor (MSF) instead of the speckle factor defined in eqn. (3) as 
 ( )log loge eMSF A A= −  (11). 
A plot of the LHS of eqn. (3) will show that it varies from - ∞  to zero where the lower 
limit corresponds to maximum speckle (SF= ∞ ) and the upper limit of zero corresponds 
to no speckle (SF=0). Note that eqn. (11) has also been called as the texture parameter by 
researchers in radar and has been used for the classification of radar images (Oliver 1993, 
2000; Woodhouse 2001).  
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Instead of plotting MSF, it is possible to plot ESF (Exponential Speckle Factor) as 
 
( ) ( ) ( ) ( )
( ) ( )log2 0.5 0.5e e
e
M m M m
M mMSFESF
ψ ψ⎧ ⎫+⎡ ⎤ ⎡ ⎤Γ Γ⎪ ⎪⎣ ⎦ + ⎢ ⎥⎨ ⎬Γ + Γ +⎢ ⎥⎪ ⎪⎣ ⎦⎩ ⎭= = . (12) 
For different values of M and m, eqn. (12) is shown in a mesh plot in Figure 1. Two 
important aspects are evident that make ESF a very useful parameter. First, it is seen that 
ESF is a monotonically increasing function of M and m. Second, it lies between zero 
(maximum speckle) and unity (no speckle). Thus, it has attributes similar to SF defined in 
eqn. (3). While the computation of SF requires the estimation of both M and m using a 
set of transcendental equations (Shankar 2004) or the use of 4th order moments, MSF and 
ESF can easily be obtained from the right hand side of eqn. (11) namely, by estimating 
the logarithm of local mean and the mean of the logarithm of the envelope samples. The 
other attribute of the parameter ESF, namely that it lies between 0 and 1 makes it an ideal 
candidate for adaptive filtering of speckle, since it facilitates the choice of an appropriate 
window size and making it smaller if necessary based on the local value of ESF, aiding 
the retention of the attributes of the image. These aspects are described in the next 
section. 
 
Adaptive Filtering of speckle 
 
The adaptive filtering of speckle is based on the concept of determining the degree of 
speckle present in a certain region of interest and if present, whether some form of 
smoothing can be performed over that region (Dutt and Greenleaf 1996; Lee 1980; Park 
et al. 1999; Stippel 2005). The algorithm for the adaptive filtering is expressed as 
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 no niA A A A= + ⎡ − ⎤⎣ ⎦_  (13) 
where _ is the filter function, having a value that lies in the range {0,1}. The nth data 
point being processed has an input value indicated by the subscript ni and output 
(processed) value indicated by the subscript no. If ESF is chosen as the filter function, 
eqn. (13) becomes 
 
( )( )log loge eA A
no ni niA A ESF A A A e A A
−= + ⎡ − ⎤ = + ⎡ − ⎤⎣ ⎦ ⎣ ⎦ . (14) 
In eqns. (13) and (14), an appropriate window size is chosen to perform the ensemble 
averaging operation. If speckle is absent, ESF is unity, and the envelope value is left 
untouched. Fixing a maximum window size, it is now possible to design the filter 
characteristics to adaptively reduce the window sizes from the maximum to a very small 
one. In envelope images, the data in one direction correspond to the scan lines and the 
other one correspond to depth (time) samples. 
 
The adaptive filtering was performed on the data collected previously on a tissue 
mimicking phantom (Shankar 2004). It contains targets (1 through 7) of varying 
concentrations (2, 4, 8, 16, 64, 128, 256 /mm3) of scatterers embedded in a background of 
32 scat /mm3. Thus, the targets constitute objects which appear hypo-echoic (darker than 
the background) to hyper-echoic (brighter than the background). The details of the data 
collection and other attributes are available in a previously published article (Shankar 
2004). Slices of the images were used for the analyses since the target region occupied 
only about 70% of the whole data set. 
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The filtering was carried out on the envelope data which was shown earlier (Shankar 
2004) to be statistically distributed according to eqn. (1). An initial window size of 11 
x11 was chosen, with the center data to be replaced by the filtered output. The adaptive 
filtering was implemented by monitoring the value of ESF. If there is a significant 
difference in adjoining values of ESF, the window size is reduced. This is to take into 
account the fact that across boundaries, the speckle factor changes dramatically. Also, if 
ESF is very close to unity, the window size is minimized to 3x3. Thus, the filter depends 
on the statistics of speckle as determined through the maximum likelihood approach and 
the window size is made adaptive as well. The same image data was also processed using 
a 3 x 3 median filter for comparing the approach to another method with easy 
implementation. All the computation reported in this was implemented in Matlab Version 
7.1 (The Mathworks, Inc., Natick, MA, USA). 
 
Results 
 
The images obtained after filtering are shown in Figure 2 along with the input image. 
Figures 2a and 2b correspond to the hypo-echoic targets (containing respectively 2 and 4 
scat/mm3) and figures 2c and 2d correspond to two hyper-echoic targets (containing 
respectively 128 and 256 scat/mm3). A careful examination of the images shows some 
interesting attributes. The images show that while the hypo-echoic regions have become 
darker than the surrounding region after adaptive filtering, the hyper-echoic regions have 
become brighter than the surrounding region after processing. The boundaries also appear 
to be clear. The median filtered images have better overall appearance. Since visual 
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improvements in performance are very subjective, objective measures are needed to 
ensure that the adaptive filtering does indeed improve the image quality while retaining 
information on the underlying tissue characteristics. Some or most of the objective 
measures proposed in some of the previously published work use improvement in signal-
to-ratio and edge enhancement ratio (which is related to the signal-to-noise ratio) and 
very few have explored the enhancement in the classification of targets in speckle 
(Achim et al. 2001; Chen et al. 1996; Sattar et al. 1997). In this work, special emphasis is 
placed on measures that will be useful in a clinical setting in terms of the ability to 
discriminate between the properties of the different regions of interest (Crawford et al. 
1992; Howlett et al. 2003; Zonderland et al. 1999). 
 
The first measure used was the speckle factor (SF) in eqn. (3). Regions within the targets 
of 1000 samples each were used to calculate the Speckle Factors. Six regions were 
chosen at the center of the target and were averaged to get the value of the speckle factor. 
The standard deviation of the estimate ranged from 3% to 7%. Figure 3 contains the plot 
of SF. The reduction in speckle as seen from the lower values of SF is evident. It also 
shows that the median filtering leads to a significant reduction in speckle while the 
adaptive filtering results in a moderate degree of speckle reduction. However, if the 
differences in the values of the speckle factor are investigated, it is seen that the adaptive 
filtering produces a slight increase in the difference between speckle factors between 
different targets suggesting that the adaptive filtering improves the detectability of 
targets. This is based on the previously reported results that speckle factor can be used to 
separate different scatterer concentrations.   
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Another way to quantify the performance of the filter is to look at the change in the 
brightness at the site of the target. A large window of 60 x 120 points was chosen in each 
image at the center of the target and in the back ground region. The average powers, 
<A2> in each of the windows were calculated in each of the images. The ratio (Rk) of the 
power in the region surrounding the target to the power in the target region was 
calculated for the unprocessed, median filtered and the adaptive filtered images.  
 
2
2
, 1, 2,3awayk
site
A
R k
A
= =  (15) 
 
where the subscript away corresponds to the background regions (32 scat/mm3) and site 
corresponds to the target. Three different images, input, median filtered and adaptive 
filtered, correspond respectively to k=1,2,3. In the next step, the relative strengths kρ  of 
the input, median filtered and adaptive filtered images were calculated as 
 
1 , 1, 2,3k
k
R k
R
ρ = = . (16) 
 
The values of the relative strengths kρ  are given in Table 1. It shows that the ratio is 
larger than unity in adaptive images containing hypo-echoic targets (except one with a 
concentration closest to the background), suggesting that the hypo-echoic regions have 
become more hypo-echoic after the adaptive filtering. The ratio is less than unity for 
adaptive filtered images containing hyper-echoic targets indicating the hyper-echoic 
targets become more hyper-echoic. On the other hand, the ratio is less than unity for the 
median filtered images suggesting that the targets have become brighter than the 
background regardless of whether the target is hypo-echoic or hyper-echoic. This is 
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expected in median filtered images since such filtering produces significant smoothing 
makes the overall appearance brighter. Thus, the adaptive filtering enhances the 
discriminating capabilities over the median filtered images, which is also seen in Figure 
2. This feature of the adaptive filtering is likely to be very useful in the classification of 
regions of interest in ultrasonic B scans since the abnormal regions of interest present a 
hypo-echoic appearance (Fujimoto et al. 2001; Howlett et al. 2003; Tang et al. 2005; 
Zonderland et al. 1999). It must be stated that the differences shown in Table 1 are 
relatively small. Still, one can observe these characteristics by looking Figure 2. 
 
Another way to assess the performance of the adaptive filtering approach is to examine 
the edge characteristics (Michailovich and Tannenbaum 2006; Yue et al. 2006). Two 
lines through the center of the targets along the scan line and across the scan line were 
used to demonstrate the effect on the edges. The results are shown in Figure 4. The 
envelope signal is plotted as a function of the location (RF line) or RF samples. The 
signal is normalized to the peak value of the input signal. The images have edges in the 
range of 20-30 and 110-120 (RF lines) and 150-200 and 700-800 (RF samples). It is seen 
that the edge characteristics are very clearly preserved in images containing hypo-echoic 
targets. For the envelope vs. RF sample plot, the farther edge appears weaker because of 
the depth dependent attenuation. In the images containing hyper-echoic targets, the edges 
are less visible because of the target brightness.  Thus, the edge preservation is less with 
hyper-echoic targets than the hypo-echoic targets. This is unlikely to be a problem in 
clinical settings since most of the lesions are likely to be hypo-echoic (Fujimoto et al. 
2001; Howlett et al. 2003; Tang et al. 2005; Zonderland et al. 1999). 
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Discussion and conclusions 
 
An adaptive filter for reducing speckle in ultrasound images has been developed. Starting 
from a valid pdf for the envelope of the ultrasonic signal which can model all scattering 
conditions present in ultrasound, a maximum likelihood approach was used to derive an 
expression for the filter function which was in the range from 0 to unity, signifying 
speckle conditions ranging from extreme to negligible. The filter function can easily be 
calculated from the data. The methodology allows the size of the window to be varied 
based on the local statistics as determined by the exponential speckle factor (ESF). The 
ability to adjust the window size makes it possible to retain details in the image and thus 
prevents the smoothing of the edges. The results indicated that the adaptive filter 
proposed here retains useful information contained in the speckle while enhancing the 
detectability of targets, an essential requirement in clinical applications of ultrasonic 
diagnostics. The adaptive filtering also preserves the edge characteristics in hypo-echoic 
targets, thus providing a means for speckle reduction and image enhancement with little 
or no significant degradation of image qualities needed for clinical interpretation. It is 
suggested that the adaptive filtering proposed in this work can serve as a preprocessing 
step of speckle reduction prior to the analysis and interpretation of ultrasound images. 
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Figure Captions 
Figure 1 A mesh plot of the Exponential Fading Factor (ESF) is shown for different 
values of M and m. It can be seen that ESF ranges from 0 at low values of M and m and 
becomes unity when m and M go to infinity. 
Figure 2 The input, median filtered and adaptive filtered images are shown. 
(a) Image containing the target corresponding to 2 scat/mm3. 
(b) Image containing the target corresponding to 4 scat/mm3. 
(c) Image containing the target corresponding to 128 scat/mm3. 
(d) Image containing the target corresponding to 256 scat/mm3. 
In each of these, top image is the input, center image is the median filtered output and 
the bottom one is the adaptive filtered. The hypo-echoic targets in (a) and (b) have 
become darker while the hyper-echoic targets in (c) and (d) have become brighter. 
Figure 3 
The speckle factor in eqn. (3) is plotted for the original, median filtered and adaptive 
filtered images. The reduction in speckle factor for the adaptive filtered case can be seen.  
 
Table 1 The values of normalized power ratio ρk are tabulated. First, the ratio of the 
power at the site of the target to the power at a site away from the target is calculated. 
The normalized power is obtained by dividing the ratio for the input image to that of the 
processed case (k=1 corresponds to no processing, k=2 corresponds to median filtering 
and k=3 corresponds to adaptive filtering). They show that the hypo-echoic targets 
become darker and hyper-echoic targets become brighter after adaptive filtering. 
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Figure 4 The single line envelope information is plotted for images containing two hypo-
echoic and two hyper-echoic targets. 
(a) The target contains 2 scat/mm3. The top set is for a fixed RF point (edges around 20 to 
30 and 110 and 120) while the bottom set is for a fixed RF(scan) line (edges around 150 
to 200 and 700 to 800). The left panel is the input, middle panel is the median filtered and 
the right panel is adaptive filtered.  
(b) The target contains 4 scat/mm3. The top set is for a fixed RF point (edges around 20 
to 30 and 110 and 120) while the bottom set is for a fixed RF(scan) line (edges around 
150 to 200 and 700 to 800). The left panel is the input, middle panel is the median filtered 
and the right panel is adaptive filtered.  
(c) The target contains 128 scat/mm3. The top set is for a fixed RF point (edges around 20 
to 30 and 110 and 120) while the bottom set is for a fixed RF(scan) line (edges around 
150 to 200 and 700 to 800). The left panel is the input, middle panel is the median filtered 
and the right panel is adaptive filtered. 
(d) The target contains 256 scat/mm3. The top set is for a fixed RF point (edges around 20 
to 30 and 110 and 120) while the bottom set is for a fixed RF(scan) line (edges around 
150 to 200 and 700 to 800). The left panel is the input, middle panel is the median filtered 
and the right panel is adaptive filtered. 
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Figure 1 A mesh plot of the Exponential Speckle Factor (ESF) is shown for different 
values of M and m. It can be seen that ESF ranges from 0 at low values of M and m and 
becomes unity when m and M go to infinity.
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Figure 2 The input, median filtered and adaptive filtered images are shown. 
(a) Image containing the target corresponding to 2 scat/mm3. 
(b) Image containing the target corresponding to 4 scat/mm3. 
(c) Image containing the target corresponding to 128 scat/mm3. 
(d) Image containing the target corresponding to 256 scat/mm3. 
In each of these, top image is the input, center image is the median filtered output and 
the bottom one is the adaptive filtered. The hypo-echoic targets in (a) and (b) have 
become darker while the hyper-echoic targets in (c) and (d) have become brighter. 
 
 
(a) (b) 
(c) (d) 
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Figure 3 
The speckle factor in eqn. (3) is plotted for the original, median filtered and adaptive 
filtered images. The reduction in the speckle factor for the adaptive filtered case can be 
seen. 
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    ρk   
  Input Median Adaptive 
Target # 1 1 0.986454 1.009001
     
Target # 2 1 0.98543 1.000544
     
Target # 3 1 0.974786 1.006287
     
Target # 4 1 0.962789 0.994053
     
Target # 5 1 0.964196 0.992613
     
Target # 6 1 0.956612 0.991116
     
Target # 7 1 0.966152 0.994447
 
 
Table 1 The values of normalized power ratio ρk are tabulated. First, the ratio of the 
power at the site of the target to the power at a site away from the target is calculated. 
The normalized power is obtained by dividing the ratio for the input image to that of the 
processed case (k=1 corresponds to no processing, k=2 corresponds to median filtering 
and k=3 corresponds to adaptive filtering). They show that the hypo-echoic targets 
become darker and hyper-echoic targets become brighter after adaptive filtering.
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(c) 
(d) 
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Figure 4 The single line envelope information is plotted for images containing two hypo-
echoic and two hyper-echoic targets. 
(a) The target contains 2 scat/mm3. The top set is for a fixed RF point (edges around 20 to 
30 and 110 and 120) while the bottom set is for a fixed scan line (edges around 150 to 
200 and 700 to 800). The left panel is the input, middle panel is the median filtered and 
the right panel is adaptive filtered.  
(b) The target contains 4 scat/mm3. The top set is for a fixed RF point (edges around 20 
to 30 and 110 and 120) while the bottom set is for a fixed scan line (edges around 150 to 
200 and 700 to 800). The left panel is the input, middle panel is the median filtered and 
the right panel is adaptive filtered.  
(c) The target contains 128 scat/mm3. The top set is for a fixed RF point (edges around 20 
to 30 and 110 and 120) while the bottom set is for a fixed scan line (edges around 150 to 
200 and 700 to 800). The left panel is the input, middle panel is the median filtered and 
the right panel is adaptive filtered. 
(d) The target contains 256 scat/mm3. The top set is for a fixed RF point (edges around 20 
to 30 and 110 and 120) while the bottom set is for a fixed scan line (edges around 150 to 
200 and 700 to 800). The left panel is the input, middle panel is the median filtered and 
the right panel is adaptive filtered. 
 
 
 
 
